Abstract Introduction: Left ventricle hypertrophy (LVH) is an important risk factor for cardiovascular morbidity and mortality. It is characterized by a thickening of the walls of the left ventricle. The transthoracic echocardiogram is a very accurate method for LVH detection. However, the electrocardiogram (ECG) offers an alternative method in diagnosing LVH, besides being less expensive and easier to obtain. In this context, this study proposes an ECG based approach for left ventricle hypertrophy (LVH) classification. Methods: According to the literature, several indexes have so far been proposed that suggest specific changes in cardiac structure, however, generally speaking there is no consensus about the best criteria. This way, instead of considering only one LVH criterion, a score derived from electrocardiographic traces was employed which explores the complementarity of the best criteria through a fusion strategy. The best criteria are those which discriminate normal and LVH ECGs. Results: The experiments were performed in the Monica database with a group of fifty men. Half of the individuals had LVH diagnosed by calculating the left ventricular mass index measured by transthoracic echocardiography. The score fusion proposed achieved a sensitivity of 78.3% and specificity of 91.3%, outperforming all isolated LVH criteria. Discussion: Unlike the other methods, our score must be estimated within a computer because of its high complexity. Even with this limitation it is much less expensive than using the echocardiography.
Introduction
Left ventricle hypertrophy (LVH) is an important risk factor for cardiovascular morbidity and mortality, including sudden death (Haider et al., 1998; Kreger et al., 1987) . LVH can be caused by several cardiovascular diseases, such as arterial hypertension, increased blood viscosity, heart failure and cardiomyopathies. LVH can be also found in non-pathological conditions, such as in subjects submitted to long term aerobic or resistive exercise.
Hypertension is a highly prevalent condition in the adult population and is characterized by chronically elevated blood pressure levels followed by structural and functional adaptations of the heart to the work load, thereby leading to an increase in the left ventricle (LV) mass (Ganau et al., 1992) . This mass increase can be detected and quantified by several cardiac imaging procedures. The transthoracic echocardiogram has been the most used imaging method for this purpose and has been considered the gold standard method for measuring LV mass in clinical conditions. Cardiac mass interferes on the generation and propagation of electrical signals in the heart. Therefore, the conventional 12-lead ECG has been used to indirectly assess the LV mass and to detect the presence of LVH. However, the ECG only allows qualitative LVH analysis, suggesting the presence or the absence of LVH in a specific individual. In spite of this limitation, ECG is still the most used exam to assess changes in cardiac structure because it is easy to perform, noninvasive and relatively inexpensive. In primary health care services, the ECG is still the only exam that is used to evaluate the presence of LVH and is generally used before the echocardiogram exploration of cardiac structure and function.
Many criteria have been used to obtain ECG-based LVH diagnosis. QRS amplitude and duration have been the most widely used (Hancock et al., 2009; Mazzaro et al., 2008) , since the QRS complex reflects ventricular depolarization. However, there is no agreement about which criteria would be more reliable, and therefore, which should be used.
The introduction of digital apparatus to record ECG facilitates the test of several indexes that might indicate specific changes in cardiac structure. In this context, the aim of this study is to explore the correlations between the electrocardiographic indexes and LVH. In order to explore the complementarity of the criteria proposed so far (Hancock et al., 2009; Mazzaro et al., 2008) , an original score is proposed based on the combination of the results of the best Volume 31, Number 2, p. 125-132, 2015 criteria. The criteria were implemented and tested in a database containing ECG exams from individuals submitted to a standard echocardiogram. Both the echocardiogram and the ECG were obtained under similar conditions during a research project whose objective was to determine the cardiovascular risk factors in the general population (Angelo et al., 2007 ; Pires de Sousa et al., 2009) .
Methods

Left ventricle hypertrophy
LVH is characterized by the thickening of the walls of the LV. The main exam for LVH detection is the echocardiogram, which uses ultrasound waves to measure the thickness of the heart wall and chamber diameters. The LV mass is then calculated by approximating the geometry and density of this chamber using the formula proposed by Devereux et al. (1986) . However, the cardiac size, and thus LV mass, varies depending on the height of the patient. Therefore, the LV mass could indicate LVH for a 1.60 m tall patient, but not for a 1.90 m one. As a consequence, the LV mass is indexed (LVMI) by height, i.e.,
2.7
where LVM is the LV mass in grams and h is the height of the patient in meters (De Simone et al., 2005) .
The ECG is another exam used for LVH detection. In addition to being ineffective for detecting anatomic LVH and limited for obtaining a quantitative measurement of LV mass, the ECG can only be used to qualitatively infer the presence of a LV mass increase. Plenty of methods have been used by physicians to detect LVH by means of the ECG. Most of them are based on the amplitude and width of the QRS complex (Hancock et al., 2009) . However, there is no agreement among experts regarding which method is the most reliable because it is impossible to maintain specificity (rate of normal patients correctly classified) and sensitivity (rate of LVH patients correctly classified) high at the same time. It is noteworthy that when classifying most of the LVH patients correctly, some normal patients will also be classified as having LVH, and vice-versa.
In order to find out the best criteria to detect LVH through the ECG is, several criteria were tested, some of them already proposed in the literature and others originally proposed in this paper, as follows:
• The peak amplitude of the QRS and T waves in all 12 leads.
• The duration of several intervals in the ECG in all 12 leads.
• The area of the QRS complex and some intervals in the ECG.
• The angle of the electric axis during ventricular activation.
• The presence of the strain pattern (Roman et al., 1987 ).
The main criteria tested in this work are described in Hancock et al. (2009) and the ones that achieved the best results are explained later in Table 1 .
ECG processing
In order to build a fully automatic method to detect LVH, the following steps are required:
• ECG segmentation;
• ECG feature extraction;
• LVH patient classification.
The first step is based on an automatic segmentation algorithm of the 12 lead ECG. In this study, the segmentation provides the following ECG features:
• the onset, peak and end of the QRS complex;
• the peak and end of the T wave.
The key point in the segmentation of the ECG is the identification of peaks or valleys of the QRS complex. All other points are based on the QRS peak. Our QRS peak detection algorithm is based on Hamilton (2002) , it combines filtering and heuristic rules to detect this key point. The filtering step is divided in three parts: a pass-band filter (from 8 to 16 Hz), a first derivative filter and a moving average filter (80 ms). The following steps are applied to the filtered signal. A maximum is considered a peak when its amplitude is greater than 30% of the mean value of the last eight detected peaks. The detected peaks are then processed by four basic rules, as follows: i. when consecutive peaks have a time interval below 150 ms, the one with smaller amplitude is eliminated; ii. when consecutive peaks have a time interval below 360 ms and the amplitude of the last peak is smaller than half the amplitude of the other peak, the last peak is considered a T wave; iii. The remaining peaks whose amplitude are above a hard threshold are considered QRS complex peaks; iv. If no peak is found in an interval below 1.5xR -R (where R-R is the average interval of consecutive QRS complex evaluated on nine consecutive QRS complexes) the detection threshold is halved, and a new search is performed.
The QRS complex peak can either be positive (R wave) or negative (S wave). A peak with opposite polarity found up to 5 milliseconds after an R wave or before an S wave is considered, respectively, an S or an R wave. From the QRS peak, a search for the onset and offset of the QRS complex is performed, backward in order to find the plateau of the PQ interval, and forwards until a decrease in the slope just after the J point is found.
Among ECG delineation points, the most difficult one to detect is the end of the T wave (T wave offset). Even experienced specialists Table 1 . All criteria for detection of left ventricle hypertrophy (LVH) used for estimation of the fusion score sorted from the highest area under the ROC curve (AUC), which p-value indicates difference between normal and LVH groups.
Criteria AUC p-value (R + S) anyprecordiallear (Grant, 1957) 0.823 <0.001
(R I + S III ) (Gubner and Ungerleider, 1943) 0.810 <0.001 (Mazzaro et al., 2008) 0.776 <0.001 R I (Gubner and Ungerleider, 1943) 0.794 <0.001
R avL (Sokolow and Lyon, 1949) 0.798 <0.001 (Lewis, 1914) (S VI + R V5 ) (Sokolow and Lyon, 1949) 0.666 <0.01
(R aVL + S V3 ) × width QRS (Molloy et al., 1992) 0.702 <0.01
Strain pattern (Roman et al., 1987 (Wolff, 1962) 0.673 0.011 (Casale et al., 1985) 0.705 0.013 (Romhilt et al., 1969) (Grant, 1957) (Murphy et al., 1984) differ from each other when determining this point in an ECG record. Several algorithms have been proposed so far for this purpose (Martínez et al., 2004; Zhou et al., 2009; Zhou and Wei, 2011) . A simple and accurate algorithm was chosen, as was developed in (Zhang et al., 2006) , which is based on the area under the T wave. The algorithm proposed by Zhang employs knowledge regarding the T wave morphology in order to find its end. The algorithm is based on the area A[n] under the curve s [n] in an interval of width W (shorter than the T wave) ending in a sample after n. The area is given by
Considering the correct T wave offset at n 3 , it is noted that moving the offset candidate to the right, would result in the area being reduced. The same happens when moving the offset candidate to the left, i.e., the area A[n] would be reduced, as it is shown in Figure 1 .
We conclude that the maximum value of the area A[n] occurs when n = n 3 which is the correct T wave offset. Similar algorithms are used to detect the wave offset in other T-wave morphologies, namely negative and biphasic T waves. Finally, this method is simple and robust to noise.
From the ECG segmentation, some features related to amplitudes and intervals are extracted from all 12-ECG leads. It is important to emphasize that included in the study are features from the R, S and T wave amplitude and duration, the area under the QRS complex, the QT interval and the interval between the Q wave and the T wave peak, the electrical axis and the strain pattern, besides the features already used so far by cardiologists (Hancock et al., 2009 ). The extracted ECG features are then combined according to each LVH criteria. The whole set of criteria is shown in Table 1 . Some selected criteria are summarized below:
• (R + S) anyprecordiallear (Grant, 1957) : the greatest sum of the R and S wave amplitudes among the precordial leads.
• (R I + S III ) (Gubner and Ungerleider, 1943) : the sum of the R wave amplitude in lead I and the S wave amplitude in lead III.
• (largest R ∨ S ) anyprecordiallear × t QRS (Mazzaro et al., 2008) : the highest R or S peaks among the precordial leads multiplied by the duration of the QRS complex in that lead.
• R I (Gubner and Ungerleider, 1943) : R wave amplitude in lead I.
• (R I -S I ) + (S III -R III ) (Lewis, 1914) : the sum of the difference between the R and S amplitudes in lead I, and the S and R amplitudes in lead III.
• R avL (Sokolow and Lyon, 1949) : amplitude of R wave in lead avL.
• QRSarea avL : the area under the QRS complex in lead avL.
• QRSarea I : the area under the QRS complex in lead I.
• S III : amplitude of the S wave in lead III.
All criteria require a threshold which separates LVH and normal ECGs. For the new criterion proposed in this work, the threshold is determined with the help of a ROC curve, which is a technique to visualize, organize and select classifiers based on their performance (Fawcett, 2006) . In this kind of two dimensional plot, the Y axis is the true positive rate (TPR) and the X axis is the false positive rate (FPR). Each point of a ROC curve is generated by selecting a certain magnitude of that feature to separate normal and LVH records. The resulted TPR and FPR are marked at the ROC curve. The magnitude which satisfies a false positive rate of 25% (specificity of 75%) is chosen as the threshold. This step is not necessary for the criteria proposed in the literature because the thresholds are already defined. For example, we have the Sokolow index (Sokolow and Lyon, 1949) defining that every ECG with R in aVL greater than 11 mm should be classified as LVH.
Score fusion
Since the different criteria proposed so far are not good enough to detect LVH patients, we have proposed a score based on the most relevant criteria. The original method proposed in this paper consists of fusing the previously explained criteria and thereby generating a single score which is used to assess LVH. The fusion strategy is described below.
1. The features of the ECG record are tested according to one of the 33 criteria. All the criteria indicating the presence of LVH are considered positive.
2. If an ECG has more than fourteen positive criteria, the patient is identified as LVH. This number of 14 positive criteria was found through the ROC curve considering FPR of 10%.
Thus, the score is a number that represents the probability of LVH presence in a specific individual.
Database
The database used was a subset of the MONICA2 Database Project (2004/5) following the general guidelines of WHO MONICA Project, which was developed in order to determine the prevalence and severity of cardiovascular risk factors in the general population (25-64 years old) in Vitória, Brazil (Angelo et al., 2007 ; Pires de Sousa et al., 2009 ).
The study sample was chosen after a random selection of households in 1999, when 2068 subjects were invited to participate in the study, from a population of 142,913 people of both genders with ages ranging from 25 to 64 years. From the selected subjects, 1661 agreed to participate in the study and went to the Cassiano Antonio Moraes hospital in Vitória, Brazil, for clinical and laboratory examination so as to determine prevalence of cardiovascular risk factors. In 2004-5, 652 participants were re-examined to repeat the clinical and laboratory exams and to obtain a new ECG and echocardiogram records (Angelo et al., 2007 ; Pires de Sousa et al., 2009) .
A subsample of this cohort was selected after the second examination to generate a sample of normal subjects. The echocardiographic data from these healthy subjects were used to generate reference values for cardiac structure and function (Angelo et al., 2007) , including LVMI. The results showed that the upper limit for the LVMI (defined by the 95% percentile) was:
• LVMI = 46.6g/m 2.7 for the complete subset;
• LVMI = 46.4g/m 2.7 for the female subset;
• LVMI = 47.7g/m 2.7 for the male subset.
Thus, individuals with LVMI below these values can be considered as having a normal LVMI. The subset used in this study was composed by 50 male subjects without any kind of change in the conventional 12-lead ECG record. From the databank 25 subjects were selected with LVMI larger than 47.7 and 25 subjects with LVMI smaller than this cut off. The subjects were randomly selected following the requirement that the age distribution of the two groups should be close in order to avoid any influence derived from age on the analysis. The demographic and clinical baseline characteristics of the selected subjects are shown in Table 2 .
Results
First of all, the performance of each LVH criterion was separately assessed, as follows:
1. ROC curve: Employing the ROC curve method, it was possible to analyze the cost (false positive rate, also shown as 1-specificity) and the benefit (true positive rate or sensibility) of the classifier. An example of a ROC curve is shown in Figure 2 .
2. Hypothesis test for separable groups: A paired t-test was performed so as to test the null hypothesis that the difference between the normal and the LVH groups (y-x) is a zero-mean normal distribution. If the hypothesis was accepted with significance level of 5%, the groups were non-separable. Table 1 shows the results of the area under the ROC curve (AUC), as well as the p-value for the hypothesis test for separable groups. It was observed that the best criteria for group separation were those related to the QRS amplitude or duration. Thus, it is clear that LVH causes more changes in the QRS complex than in other ECG waves. It is also evident that the features with lower p-value have higher AUC, showing that they are good for group separation, as was expected.
Thirty three different criteria were tested, employing the features discussed in the previous section.
Considering all the tested criteria, the score fusion for LVH classification was performed. The score fusion method can be configured according to a sensibility or specificity goal. In this article, two different goals were selected: high sensitivity or high specificity. Our results regarding the score fusion are presented in Table 3 , together with the results obtained by other studies on this subject. It is worth mentioning that all the methods were implemented and tested in the same database.
From Table 3 , the observation was that the fusion score developed here improves sensitivity and specificity, achieving a specificity of 91.30% and sensitivity of 78.26%, this being higher than other proposed methods in the literature so far.
The selected methods were also compared to the LVMI in terms of the Pearson correlation coefficient and p-value, which are shown in Table 4 . The results are consistent with the one from Table 3 , except for the method proposed by Gubner and Ungerleider (1943) .
Discussion
In this article, a score for LVH classification was tested in 12-lead ECG records from a population sample. Our experiments considered different LVH criteria, most of them based on ECG features. The gold standard for LVH classification was the mass of the left ventricle obtained by echocardiographic examination, indexed to patient height raised to the power of 2.7 (n 2.7 ). Table 3 . Performance for left ventricle hypertrophy detection using several criteria. The table shows the sensitivity (Se), the specificity (Sp) and accuracy of each method.
Se (%)
Sp (%) Accuracy (%) (R + S) anyprecordiallear (Grant, 1957) 56.52 95.65 76.09
(R I + S III ) (Gubner and Ungerleider, 1943) 65.22 86.96 76.09 (Mazzaro et al., 2008) 
Method r p-value
(R + S ) anyprecordiallear (Grant, 1957) 0.382 0.001 (R I + S III ) (Gubner and Ungerleider, 1943) 0.525 <0.0001
(largest R ∨ S ) V1 -V6 × t QRS (Mazzaro et al., 2008) 0.337 0.005 R I (Gubner and Ungerleider, 1943) 0.448 0.0001 (R I -S I ) + (S III -R III ) (Lewis, 1914) 0.537 <0.0001
Fusion Score 0.627 <0.0001 The results pointed out that the features that best correlate with LVMI are those related to the QRS complex amplitude and duration. Moreover, the present study proposes a score based on a combination of results from several criteria, some of them proposed in the literature and others originally proposed in this paper, all of them fully automatic calculated.
In order to test for inter-lead features (e.g. QT dispersion) we had to use a 12-lead database that also contained echocardiography exams. Because of the strict selection rules for this study only a few records from the database could be used.
The performance of the fusion score proposed in this study was greater than the criteria used by experts, with specificity and sensitivity equal to 91.3% and 78.3%, respectively. Unlike the other methods, our score must be estimated with in a computer because of its high complexity. Even with this limitation it is much less expensive than using the echocardiograph which is an expensive exam.
Improvements can be achieved when this work is reproduced on a large database. In addition to increasing the scientific significance, automatic classification methods that require a greater number of records to split between training and testing sets may be used. Regarding future works, the plan is to test the proposed score in a larger database in order to confirm the consistency of these results.
